3:24 PM1July 23, 1996Visibility of Wavelet Quantization NoiseAndrew B. Watson1, Gloria Y. Yang2,Joshua A. Solomon1 & John Villasenor21NASA Ames Research Center, Moffett Field, CA,2Department of Electrical Engineering, UCLAAbstract -- The Discrete Wavelet Transform (DWT) decomposes an imageinto bands that vary in spatial frequency and orientation. It is widely used forimage compression. Measures of the visibility of DWT quantization errors arerequired to achieve optimal compression. Uniform quantization of a singleband of coefficients results in an artifact that we call D W T u n i f o r m quantization noise; it is the sum of a lattice of random amplitude basisfunctions of the corresponding DWT synthesis filter. We measured visualdetection thresholds for samples of DWT uniform quantization noise in Y, Cb,and Cr color channels.The spatial frequency of a wavelet is r 2-l , where r is display visualresolution in pixels/degree, and l is the wavelet level. Thresholds increaserapidly with wavelet spatial frequency. Thresholds also increase from Y to Cr toCb, and with orientation from low-pass to horizontal/vertical to diagonal.We construct a mathematical model for DWT noise detection thresholdsthat is a function of level, orientation, and display visual resolution. Thisallows calculation of a "perceptually lossless" quantization matrix for which allerrors are in theory below the visual threshold. The model may also be used asthe basis for adaptive quantization schemes.EDICS Number: IP 1.1Corresponding Author:Andrew B. WatsonMS 262-2 NASA Ames Research CenterMoffett Field, CA 94035-1000(415) 604-5419 (voice) -3323 (fax)beau@vision.arc.nasa.gov"Permission to publish this abstract separately is granted."

3:24 PM2July 23, 1996I. INTRODUCTIONWavelets form a large class of signal and image transforms, generallycharacterized by decomposition into a set of self-similar signals that vary inscale and (in 2D) orientation [1]. The Discrete Wavelet Transform (DWT) is aparticular member of this family which operates on discrete sequences, andwhich has proven to be an effective tool in image compression [2-7]. The DWTis closely related to and in some cases identical to sub-band codes [8], perfect-reconstruction filter banks [9], and quadrature mirror filters. In a typicalcompression application, an image is subjected to a two-dimensional DWTwhose coefficients are then quantized and entropy coded.DWT compression is lossy, and depends for its success upon the invisibilityof the artifacts. However, in the published literature there are few data [10]and no formulae describing the visibility of DWT artifacts. The purpose of thispaper is to provide this information, and to show in a preliminary way how itmay be used in the design of wavelet compression systems. In this research wehave generally followed earlier work on the Discrete Cosine Transform [11-19],with some important differences that will be discussed below.II. BACKGROUNDA. Discrete Wavelet TransformFig. 1 illustrates the elements of a one-dimensional, two-channel perfect-reconstruction filter bank. The input discrete sequence x is convolved withhigh-pass and low-pass analysis filters aH and aL, and each result is down-sampled by two, yielding the transformed signals xH and xL . The signal isreconstructed through up-sampling and convolution with high and lowsynthesis filters sH and sL . For properly designed filters, the signal x isreconstructed exactly (y= x) .

3:24 PM3July 23, 1996

aHl2j2sHaLl2j2sL

xyxHxLFigure 1. A two-channel perfect-reconstruction filter bank.A DWT is obtained by further decomposing the low-pass signal xL by meansof a second identical pair of analysis filters, and, upon reconstruction,synthesis filters, as shown in Fig. 2. This process may be repeated, and thenumber of such stages defines the level of the transform.

aH l2aL l2

xyxHaH l2aL l2xLxL(xL)H(xL)LsH j2sL j2sL j2sH j2Figure 2. Two-level 1D Discrete Wavelet Transform.With two-dimensional signals such as images, the DWT is typically appliedin a separable fashion to each dimension. This may also be represented as afour-channel perfect reconstruction filter bank, as shown in Fig. 3. Now eachfilter is two-dimensional, with the subscript indicating the separable horizontaland vertical components, and the downsampling operation is applied in bothdimensions. The resulting four transform components consist of all possiblecombinations of high and low-pass filtering in the two dimensions. As in theone-dimensional case, the process may be repeated a number of times, in eachcase by applying the component xLL as input to a second stage of identicalfilters.

3:24 PM4July 23, 1996 aHHl2j2sHHaLHl2j2sLH

xyxHHxLaHLl2j2sHL

xLHaLLl2j2sLL

xHLxLLFigure 3. Four-channel, 2D Perfect Reconstruction Filter Bank.B. Levels, Orientations, & BandsHere we adopt the term level (l ) to describe the number of 2D filter stages acomponent has passed through, and we use the term orientation (q ) to identifythe four possible combinations of low-pass and high-pass filtering the signalhas experienced. We index orientations as follows: {1,2,3,4} = {LL,HL,HH,LH} wherelow and high are in the order horizontal-vertical. Each combination of leveland orientation {l ,q} specifies a single band. This terminology is illustrated inFig. 4.

{1,3}{1,2}{1,4}{2,4}{2,3}{2,2}{3,4}{3,3}{3,2}{3,1}Figure 4. Indexing of DWT bands. Each band is identified by a level and anorientation {l,q}. This example shows a three level transform.

3:24 PM5July 23, 1996C. Linear-Phase 9/7 WaveletsFor the purpose of this research it is necessary to choose a particular DWT,that is, a particular pair of filters aL and aH . We selected the linear-phase 9/7biorthogonal filters [20]. They were chosen because 1) they are symmetrical(linear-phase), 2) they are in wide use [3], 3) they have been argued to havecertain mathematical properties attractive for image compression [5] and 4)they have been adopted as part of the FBI standard for compression offingerprint images [2]. Since we shall be dealing primarily with synthesis filters,we give the synthesis coefficients in Table 1 and show them graphically in Fig.5. For a perfect reconstruction filter bank, the synthesis filters may be deriveddirectly from the analysis filters.index 01234sL0.7884860.418092-0.0406894-0.0645389sH-0.8526990.3774030.110624-0.0238495-0.0378285Table 1. Coefficients of linear-phase 9/7 synthesis filters sL and sH (origin is atindex 0, coefficients for negative indices follow by symmetry).

Figure 5. Linear-phase 9/7 synthesis filters.D. DWT Quantization MatrixCompression of the DWT is achieved by quantization and entropy coding ofthe DWT coefficients. Typically a uniform quantizer is used, implemented bydivision by a factor Q and rounding to the nearest integer. The factor Q maydiffer for different bands. It will be convenient to speak of a quantization

3:24 PM6July 23, 1996matrix to refer to a set of quantization factors corresponding to a particularmatrix of levels and orientations.Quantization of a single DWT coefficient in band {l,q} will generate anartifact in the reconstructed image that is proportional to the impulseresponse of the corresponding synthesis filter cascade. Examples of impulseresponses for two levels and four orientations are shown in Fig. 6. Althoughthey are rendered as images with equal size to emphasize self-similarity, theimages in the upper row (level 2) in fact are twice as large (in pixels) in eachd i m e n s i o n . Figure 6. Linear-phase 9/7 wavelet basis functions at two levels. The images forlevel 1 are 16 x 16 pixels, those for level 2 are 32 x 32 pixels.A particular quantization factor Q in one band will result in coefficienterrors in that band that are approximately uniformly distributed over theinterval [-Q/2,Q/2]. The error image will be the sum of a lattice of basis functionswith amplitudes proportional to the corresponding coefficient errors. Thus topredict the visibility of the error due to a particular Q , we must measure thevisibility thresholds for individual basis functions and error ensembles.E. Display Visual ResolutionVisibility of DWT basis functions will depend upon display visual resolutionin pixels/degree. Given a viewing distance v in cm and a display resolution d i n Level 2Level 1 Orientation1234

3:24 PM7July 23, 1996pixels/cm, the effective display visual resolution (DVR) r in pixels/degree ofvisual angle is

r d v d v d v

= ( ) » »

tan / . p p 180 180 573

(1)A useful mnemonic is that visual resolution is the viewing distance in pixels(dv) divided by 57.3. Table 2 provides some illustrative examples.ResolutionDistanceDVRDisplay(pixels/inch)(inches)(pixels/degree)Computer Display721215.1Low quality printing3001262.8High quality printing120012251.4HDTV487260.3Table 2. Examples of visual resolution for various displays. The HDTV exampleasumes 1152 active lines at a viewing distance of 3 picture heights.F. Wavelet Level, Display Resolution, and Spatial FrequencyWe have indexed DWT basis functions by a level l and an orientation q. Bytheir nature, wavelet bases of one orientation at different levels are essentiallyscaled versions of one another (Fig. 6). In terms of the signal that reaches theeye, the magnification of the basis function that results from a move down onelevel in the transform is equivalent to a decrease by a factor of two in displayresolution. A metric that incorporates this equivalence, and that clearlyexpresses the visual resolution of a given basis function, is spatial frequencyexpressed in cycles/degree.A single basis function encompasses a band of spatial frequencies, and atthis point it is only necessary that we identify this band in some consistentfashion. The DWT operates essentially by bisecting a frequency band at eachlevel. At the first level of the transform, the selected band extends from theNyquist frequency, which will be half the display resolution, to half theNyquist. At the next level, the band will be lower by a factor of two, and so on.Therefore we will take the Nyquist frequency of the display resolution as the

3:24 PM8July 23, 1996nominal spatial frequency of the first DWT level, and the frequency of eachsubsequent level will be reduced by a factor of two. Thus for a displayresolution of r pixels/degree, the spatial frequency f of level l will be

fr= -2Lcycles/degree

(2)G. Gamma CorrectionDigital grayscale images typically contain values that represent so-calledgamma-corrected luminance Y’ [21]. This is a power function of luminance,with an exponent of around 1/2.3. Likewise digital color images are typicallyrepresented by gamma-corrected R’, G’, and B’, which are similarly powerfunctions of corresponding linear primaries. Color transforms in wide use, suchas YCbCr, are linear transforms of these nonlinear quantities.Image compression algorithms typically operate directly on these correctedvalues, rather than on luminance values themselves. This means that in theparticular example of a wavelet transform, the artifact due to quantization ofa particular coefficient will be a wavelet basis function in this non-linearintensity domain. To allow direct predictions, we therefore conducted ourexperiments in the gamma-corrected domain, using 2.3 as the definingexponent. In our earlier work on the Discrete Cosine Transform, we chose toestimate visibility of DCT basis functions of luminance, corresponding to adisplay gamma of 1, but that required somewhat indirect predictions ofvisibility of artifacts in the gamma-corrected domain. Nevertheless forcomparison, we also collected one set of thresholds using a display gamma of1. This display gamma was arranged through manipulation of color look-uptables in the computer-display interface [22].The specific color space we investigate is YCbCr [23, 24]. For simplicity ofnotation, in the remainder of this paper we will use the Y, Cb, and Cr todesignate values in this gamma-corrected color space.

3:24 PM9July 23, 1996III. METHODSA. StimuliStimuli were modulations of either Y, Cb, or Cr channels of a color image. Ineach case the two unmodulated channels were set to a constant value of 0.These produce images that are black/white, yellow/purple, and red/greenrespectively. All modulations were added to an otherwise uniform (YCbCr ={128,0,0}) image of size 1024 x 1024 pixels.Modulations were either single DWT basis functions or samples of DWTuniform quantization noise. In either case, individual modulation images werescaled to produce amplitudes in the range of [0,126]. When added to the meanof 128, this yields graylevels ranging from [2-254]. We reserved graylevels 0, 1,and 255 for fixed elements of the display, such as fixation marks. The peakamplitude of the modulated signal is our measure of stimulus intensity. Themodulated channel, plus the two remaining unmodulated channels, were thentransformed to R’G’B’ using the rule

¢ØºŒøßœ=-ØºŒøßœ-ØºŒøßœRGB YCbr1 0 1 4021 0 3441 0 71411 1 772 0 128128.. ..

(3)Grayscale stimuli were presented on an Apple 12" Monochrome Display(Family # M1050, manufactured 3/91) with a resolution of 30.1 pixels/cm, andwere viewed from a distance of 121.9 cm, yielding a display visual resolution of64 pixels/degree. The mean luminance of the display (Y = 128) was 14 cd/m2.The measured gamma was 2.3.Color stimuli were presented on a Taxan 20" color monitor (UV 1095,manufactured 2/91) with a resolution of 35.26 pixels/cm, viewed from adistance of 104 cm, for a display visual resolution of 64 pixels/degree. Themean luminance of the display (R’G’B’ = {128,128,128}) was 17.3 cd/m2. Themeasured gamma of the monitor was 2.31, and the maximum luminance was

3:24 PM10July 23, 199687.5 cd/m2. The CIE Yxy chromaticities of the three color guns were R={26.8,0.613 , 0.353}, G= {55.2, 0.281, 0.605}, B= {6.52, 0.143, 0.058}.To vary the display visual resolution we pixel-replicated the stimuli byfactors of 1 (no replication), 2, or 4 in both dimensions, yielding effectivevisual resolutions of 64, 32, and 16 pixels/degree. For all stimuli, the durationwas 16 frames in duration at a frame rate of 60 Hz, or 267 msec. The timecourse was a Gaussian exp[-p(1-t/8)2] where t is in frames.2) DWT Basis Function Stimuli: We created images of basis functions bysetting to the value 1 a single coefficient in band {l,q} in an otherwise zeroDWT, and computing the inverse DWT. Image width was the smallest power oftwo large enough to accommodate the support of the basis function, which isequal to 2(l + 3 ) . An example for band { 3 , 3 } is shown in Fig. 7.A)

B)Figure 7. Construction of DWT basis function stimulus. A) A three-level DWT,with the band levels separated by tick marks and progressing in order fromtop to bottom and right to left (see Fig. 4). A single coefficient in band {3,3}is set to 1, the rest is set to 0. B) Inverse DWT of the transform in A. This isa basis function for band {3,3}. Image size is 64x64.2) DWT Uniform Quantization Noise Stimuli: Samples of DWT uniformquantization noise were produced by filling one band of an otherwise zero DWTwith samples drawn uniformly from an interval [-1,1], and inverse transformingthe result. The image size was selected for each level in such a way that thesize of the filled band was always 8x8. For level l, this means that image widthwas 2( l + 3 ) . An example is shown in Fig. 8.

3:24 PM11July 23, 1996A)

B)Figure 8. Construction of a DWT noise image. A) Two-level DWT with band { 2 , 4 } filled with noise. B) Inverse DWT of the transform in A. Image size is 32x32.B. Threshold MeasurementIn the grayscale experiments, stimulus amplitude was controlled by meansof look-up tables [22, 25]. This allowed display of signals with amplitudes lessthan one. For color experiments (Cb and Cr) stimuli of various amplitudeswere computed in advance as digital movies, and thus limited to integeramplitudes.To measure detection thresholds for individual stimuli we used a two-alternative forced-choice (2AFC) procedure. Each trial consisted of two 267msec time intervals, one containing a uniform gray screen with luminance Ym,and one containing the stimulus added to the uniform gray screen. A pause of534 msec separated the two intervals, which were marked by audible warningtones. Following the presentation, the observer selected the interval thatappeared to contain the stimulus. From trial to trial, the amplitude of thestimulus was varied adaptively using a Quest staircase [26]. Following 32 trials,a Weibull function was fit to the proportion correct expressed as a function oflog amplitude and threshold was estimated as the amplitude yielding 82%correct [27].A small gray cross (3 x 3 pixels, Y = 96) at the center of the screen served asa fixation point and aid to accommodation. The cross was extinguished duringeach stimulus presentation, but remained on between the two intervals of thetrial and between trials.

3:24 PM12July 23, 1996Three observers took part in the experiments. Observer gyy was a 23 yearold female, sfl was a 21 year old male, and abw was a 43 year old male.Observers gyy and abw were corrected myopes, sfl was emmetropic. Viewing wasbinocular with natural pupils in an otherwise darkened room.IV. RESULTSWe begin our discussion of results with an examination of grayscale data fortwo observers (gyy and sfl) for two different stimuli (basis functions and noisepatterns) at two different display gammas (1 and 2.3). This will reveal somebasic patterns in the data, as well as differences due to stimulus type anddisplay gamma. We then demonstrate from a subset of the data that DWTlevel has little effect upon visual thresholds, once the effect of spatialfrequency has been factored out. We next compare basis function and noisethresholds, and show how one may be predicted systematically from the other.Following these analyses, we will consider only thresholds for noise patternscollected with a display gamma of 2.3. The grayscale data are fit with amathematical model, and thresholds for color wavelets are presented and fitby the same model.A. Grayscale ResultsFigure 9 shows grayscale thresholds for various DWT signals and observers asa function of spatial frequency and orientation. In these and all subsequentfigures, thresholds are expressed as the peak amplitude of the signal, in units ofdigital levels, with an implicit range of 2-254 between darkest and brightestlevels. Because the signals are superimposed on a background of 128, thelargest possible amplitude is 126. The first panel shows luminance amplitudethresholds, obtained with a display gamma of 1, for single basis functions.They show a rapid ascent at higher frequencies, and also show an effect oforientation: highest thresholds are for orientation 3 (obliques), lowest are fororientation 1 (low-pass), and intermediate thresholds are obtained fororientations 2 and 4 (horizontal and vertical). The second panel shows

3:24 PM13July 23, 1996comparable data for a display gamma of 2.3. Thresholds are generally lower,but the pattern of results is similar. The third and fourth panels showthresholds for two observers for noise images at a display gamma of 2.3. Thepattern is again similar, with a further general reduction in thresholds. For thereasons outlined in the introduction, we have focused upon the case of displaygamma = 2.3. Accordingly all subsequent analyses and discussions refer only tothis case.B. Effect of DWT LevelTo verify that DWT level or display visual resolution per se have little effectupon visual thresholds when spatial frequency f is held constant, we havecollected thresholds for noise images at three display resolutions. Displayresolution was varied by pixel replication of 1, 2 or 4 in each dimension from abasic value of 64 pixels/degree, yielding effective visual resolutions of 64, 32,and 16 pixels/degree. Due to nonlinearities between horizontally adjacentpixels in typical monitors[28], we only used an orientation of 4 (verticalmodulation) at 64 pixels/degree.

3:24 PM14July 23, 1996Thresholds for display resolutions of 16, 32, and 64 pixels/degree, all atorientation 4, are shown in Fig. 10. Where multiple measurements have beenmade, error bars are shown. Though there is some indication of a small

Figure 9. Thresholds for DWT signals. Orientations are indicated by the linewithin each symbol. Text in each panel indicates observer, stimulus, andgamma. Error bars of plus and minus one standard deviation are includedwhere repeated measures were taken.

3:24 PM15July 23, 1996systematic difference for gyy between 32 and 64 pixels/degree, in generalthresholds are largely unaffected by resolution, once they are expressed as afunction of spatial frequency in cycles/degree.

Figure 10. Thresholds at display resolutions of 16 (triangles) 32 (squares) and64 pixels/degree (circles), for orientation 4.Fig. 11 shows additional data for observer sfl at 16 and 32 pixels/degree.There is again little evidence of any substantial effect of resolution per se, oncethe thresholds are plotted as a function of spatial frequency in cycles/degree.

Figure 11. Thresholds at display resolutions of 16 (dashed line) and 32pixels/degree (solid line), for orientations 1, 2, and 3.

3:24 PM16July 23, 1996C. Single Basis Functions vs. Noise ImagesFig. 12 plots the difference between log thresholds for single basis functionsand for noise images, taken from the second and third panels of Fig. 9. Asexpected, basis function thresholds are uniformly higher than noise thresholds.

Figure 12. Difference between log thresholds for DWT noise and basis functions.Open symbols show data for individual orientations, solid symbols are themeans. The heavy line is the prediction from probability summation.We considered a simple spatial probability summation model to accountquantitatively for the difference between basis function and noise thresholds[27, 29]. In this context, this model asserts that the Minkowski sum overindividual basis functions amplitudes is equal for all basis functions ensemblesat threshold. In particular, if threshold for a single basis function is Ybasis, andif Y i are the amplitudes of the basis functions that make up the threshold noisestimulus, then

Ybasis iiN= ØºŒ øßœ=� b b1 1 /

(4)For detection of simple contrast stimuli, an exponent b of about 3-4 istypically observed. The threshold contrast Y b a s i s is measured directly, but theset of amplitudes Yi must be derived from the threshold amplitude of thenoise stimulus Ynoise. Let A b a s i s be the amplitude of the basis function that

3:24 PM17July 23, 1996results from a unit DWT coefficient D=1. Then in general, Y=AD. A particular setof random coefficients {Di } will result in a noise waveform with amplitudeA n o i s e . Thus if the noise amplitude at threshold is Y noise , the correspondingcoefficients are {Di} Y n o i s e / A n o i s e . The individual basis function amplitudes arethen

YAYDi basisnoise noise i=

(5)Combining (4) and (5), we find

YADbasisnoise basisnoise iiN= ØºŒ øßœ=� b b1 1 /

(6)The ratio Abasis /A noise is close to 1 for all noise stimuli (almost alwaysslightly less than 1), which makes sense since the random numbers were drawnfrom a uniform distribution over {-1,1}. In log units, it averages -0.0205.To compute the second term in this prediction we first note that exactly thesame random samples {Di } were used for each noise stimulus. With b =4, thisterm equals 0.295 log units, for a combined prediction of 0.2745 log units,independent of resolution or orientation. This value is plotted as thehorizontal line in Fig. 12. It is clear that probability summation provides anexcellent account of the difference between basis and noise thresholds.This is a useful observation since it provides a way to predict thresholds forindividual basis functions from uniform noise thresholds. These may then beused to predict visibility of noise produced by non-uniform quantization [2].D. Grayscale ModelWe have experimented with various models to express the threshold forgrayscale DWT noise as a function of spatial frequency and orientation. Eachmodel was fit to all the grayscale (Y) noise data for observers gyy and sfl (atotal of 103 thresholds). Parameters were optimized with respect to thesummed squared error in log Y. One model that provides a reasonable fit is

3:24 PM18July 23, 1996

loglogloglog.Y a k f g f= + -( )q 02

(7)This is a parabola in log Y vs. log f coordinates, with a minimum at gq f 0 anda width of k - 2 . The term g q shifts the minimum by an amount that is afunction of orientation, and where g 2 = g 4 = 1 . The term a defines the minimumthreshold. The optimized parameters and rms error (of log Y ) are given inTable 3. The fit is shown in Fig. 13.ColorObserverrmsakf0g 1g 3Ygyy & sfl0.1340.4950.4660.4011.5010.534Table 3. Parameters for DWT threshold model for the Y channel.

Figure 13. Fit of the threshold model to grayscale data of observers gyy and sfl.E. Color ResultsFigure 14 shows results for observers sfl and abw at orientations 1, 3, and 4.We did not collect data for orientation 2 (horizontal) because the grayscaledata suggest that it largely duplicates the results from orientation 4 (vertical),and because horizontal modulations are more subject to display limitations.Data at 2, 4 and 8 cycles/degree were collected with a zoom of 4, at 1.2, zoom =2, and at 1.5, zoom = 1. For all measurements, stimulus was a DWT noisepattern, and display gamma=2.3.

3:24 PM19July 23, 1996

Figure 14. Thresholds for DWT uniform noise in Cr and Cb channels.

3:24 PM20July 23, 1996The effects of spatial frequency and orientation are similar to those evidentin the grayscale data. However there is a general elevation of all thresholds, byabout a factor of two for Cr thresholds and about a factor of four for Cbthresholds. Observer abw is also somewhat less sensitive than observer sfl.F. Color ModelWe have applied the same model used for grayscale thresholds to the colorthresholds in Fig. 14. We have fit the data of each color channel separately.Also, because they clearly differed in sensitivity, we have fit separately the dataof the two observers. The solid curves in Fig. 14 show the various fits. Theparameters are in Table 4, along with the Y parameters from Table 3.ColorObserverrmsakf0g 1g 3Ygyy & sfl0.1340.4950.4660.4011.5010.534Crsfl0.1130.9440.5210.4041.8680.516abw0.1270.8030.5390.3282.0170.589Cbsfl0.1451.6330.3530.2091.5200.502abw0.0932.4320.5200.2691.7060.599Table 4. Parameters for DWT YCbCr threshold model.To illustrate the differences between the model thresholds for the threecolor channels we plot them together in Fig. 16. In this figure we have used Crand Cb parameters from sfl, who is considerably more sensitive than abw. TheY curve is generally about a factor of two below the Cr curve, which is in turnabout a factor of two below the Cb curve, although this difference declines athigher spatial frequencies, because the Cb curve is somewhat broader than Y orCr. This broadening is likely due to the intrusion of a luminance detectingchannel at high frequencies and high contrasts. The Cb wavelets do have aluminance component because the Cb color axis is not orthogonal to thehuman luminance axis.

3:24 PM21July 23, 1996

Figure 16. Model predictions for Y (bottom curve), Cr (middle), and Cb (top) ateach orientation for observer sfl.G. Theoretical Account of Model ParametersAlthough our interest in the threshold model is primarily a practical one,we offer the following general explanation of the estimated model parametersin Table 4. First we note that although the model is a parabola, all datacollected lie to one side of the parabola. This monotonic ascent of thresholdswith spatial frequency is consistent with two factors: one, the decline ofcontrast sensitivity with increasing spatial frequency [30], and two, thedecreasing size of our noise stimuli with increasing spatial frequency. For the Ydata, the parabola minimum is at about 0.4 cycles/degree. This is similar toestimates obtained for Gabor functions of fixed log bandwidth, which alsodecline in size with spatial frequency [31].The effects of orientation, manifest in the parameters g1 and g 3 , can beunderstood as follows. Figure 17 depicts the wavelets and their Fourier spectraat the four orientations. The parameters g1 and g 3 describe the thresholds fororientations 1 and 3 as frequency shifts relative to threshold for orientations 2and 4. From the nature of dyadic wavelets, orientation 1 has a spectrum whichis approximately a factor of two lower in spatial frequency than orientations 2

3:24 PM22July 23, 1996or 4. This would suggest a factor of g1 = 2 . However, at orientation 1 the signalenergy is spread over all orientations, which we know to be less visuallyefficient than to concentrate them at a narrow range, as in the spectra fororientations 2 and 4. Thus we expect a slight increase in threshold, which canbe mimicked by a slight reduction in f0. Thus the final prediction is slightlyless than 2, which is what we obtain.1234Figure 17. Wavelets and their Fourier spectra at four orientations.For orientation 3, two similar effects are at work. First, because of theCartesian splitting of the spectrum, the spatial frequency is about �2 abovethat of orientations 2 and 4, yielding a prediction of g3 = 2 - 1 / 2 . But here againthe spectrum is distributed over two orthogonal orientations (45 � and 135 � ) , w h i c h s h o u l d r e s u l t i n a l o g t h r e s h o l d i n c r e a s e o f a b o u t 21/4 (a shift of 2 - 1 / 4 ) ora total prediction of g 3 = 2 - 3 / 4 = 0 . 5 9 , which is indeed just above what isobtained. A third effect, the well-known oblique effect [32], may contribute thefinal small amount of threshold elevation.V. QUANTIZATION MATRICESWe now use the model developed above to compute quantization matricesfor the linear-phase 9/7 DWT. The basic idea is to construct a "perceptuallylossless" quantization matrix, by using a quantization factor for each level andorientation that will result in a quantization error that is just at the thresholdof visibility. Although the actual visibility of quantization errors will depend

3:24 PM23July 23, 1996upon the combined visibility of errors across the various bands, thiscombination is typically quite inefficient, the ensemble threshold is likely to beonly slightly lower than for any one band alone (see analogous arguments inIV-C with respect to combination of errors across space). For uniformquantization and a given quantization factor Q, the largest possible coefficienterror is Q/2. The amplitude of the resulting noise is approximately Al , q Q / 2 . (Theapproximation is because the amplitudes of individual noise signals dependupon the particular noise sample, but as noted above they are typically veryclose to the basis function amplitudes.) Thus we set

Q Y Alqlqlq

, , , = 2

.(8)The basis function amplitudes Al , q are given for six levels in Table 5. Imagecompression applications do not typically require more than this many levels,but additional amplitudes may be approximated by noting that the ratio ofmagnitudes of adjacent levels converges to 2.LevelOrientation12345610.621710.345370.180040.0914010.0459430.02301320.672340.413170.227270.117920.0597580.03001830.727090.494280.286880.152140.0777270.03915640.672340.413170.227270.117920.0597580.030018Table 5. Basis function amplitudes Al , q for a six-level linear-phase 9/7 DWT.Combining (7), (8), and (2),

QAak f grl q l q l q, , log= �Ł� �ł�2 10 2 0 2

(9)Table 6 shows example matrices computed from this formula.

3:25 PM24July 23, 1996Table 6. Quantization factors for four-level 9/7 DWT for r=32 pixel/degree.Figure 18 shows an example image uncompressed and compressed using thequantization matrix of Table 6, and twice that matrix. Viewed from theappropriate distance (23 inches, approximately arm’s length) the quantizationartifacts should be invisible for the left image, and visible for the right(examine the boundaries between each parrot and background). Using typicalentropy coding techniques, the resulting bitrates for these two examples are1.05 and 0.67 bits/pixel.LevelColorOrientation1234Y114.0511.1111.3614.5223.0314.6812.7114.16358.7628.4119.5417.86423.0314.6912.7114.16Cb155.2546.5648.4559.99286.7960.4854.5760.483215.84117.4586.7481.23486.7960.4854.5760.48Cr125.0419.2819.6725.6260.0234.3427.2828.53184.6477.5747.4439.47460.0234.3427.2828.5

3:25 PM25July 23, 1996

Figure 18. Original image (top) and compressed with perceptually lossless DWTquantization matrix (left) and twice that matrix (right). Image dimensionsare 256x256 pixels. Quantization matrix is designed for a viewing distanceof 23 inches.The quantization matrix is inevitably a function of the display visualresolution, as is evident from (9). Fig. 19 shows Y quantization factors fordisplay visual resolutions of 16, 32, and 64 pixels/degree. These figures show

3:25 PM26July 23, 1996that for low visual resolution (16 pixels/degree), the quantization factors aresmall and almost invariant with level and orientation. At the middleresolution, typical of office viewing of desktop computer images, the function isstill a rather flat function of level for all orientations except 3, which shows alarge elevation at the lowest level. At the highest visual resolution, oblique,horizontal, and vertical factors are strong functions of level, while the low-passsignal is still nearly invariant with level.

Figure 19. Quantization matrices for three display visual resolutions plotted asfunctions of level, with orientation indicated by symbol markings.VI. DISCUSSION AND EXTENSIONSA. Down-Sampled Chromatic ChannelsBecause human sensitivity to chromatic variation is lower than that toluminance variation at higher spatial frequencies, it is common in DCT andDWT transform coding to down-sample the chromatic channels. This is easilyaccommodated in the current scheme, provided that the value of r is alteredappropriately for the calculation of quantization matrices via (9). For example,if the true display visual resolution is 32 pixels/degree, and chroma is down-sampled by two in each dimension, then the corrected value of r is 16pixels/degree.

3:25 PM27July 23, 1996B. Light AdaptationThe model developed above is fit to data collected at one mean luminance.The Y, Cb, and Cr thresholds that we have measured and computed areexpressed in grayscale units, analogous to luminance and chromatic contrasts.Contrast thresholds for both luminance and color wavelets are likely to varylittle with increasing mean luminance [33]. Thus matrices computed by theformulae presented here should be valid over a wide range of displayluminances, since variation in overall display luminance will alter inproportion both the signal luminance and the mean luminance, thuspreserving signal contrast. However, for a fixed display luminance, spatialvariations in the local mean luminance of the image will produce localvariations in visual thresholds [10]. At photopic levels, thresholds will beroughly proportional to the local mean. These variations can beaccommodated by more complex quantization matrix designs [34], and mayalso drive spatially adaptive quantization schemes [35].C. Masking and Adaptive QuantizationThe thresholds measured above were for signals presented against anotherwise uniform background. It is well known that thresholds rise whentargets are presented against complex backgrounds, as a result of visualmasking. It is for this reason that wavelet quantization schemes often setquantization factors according to the variance of the coefficients.A thorough treatment of masking in the context of DWT artifacts is beyondthe scope of this paper, but we describe here a simple way in which thethreshold model may be used to augment adaptive quantization schemes. Onepossibility is to compute a measure of variance within a band that is scaled bythe visibility of signal within that band,

~ , , , s s l q l q l q

2 2 2

= -D

(10)

3:25 PM28July 23, 1996where Dl,q is the visual threshold for a particular level and orientation,expressed in units of the DWT coefficient. This visually effective band variancemight then be used to adjust the band quantization factors, for example,

~ ~ , , , , ,

Q D D l q l q l q l q l q s s = + = +

2 1 2

2 2 2

(11)Recent models of visual masking suggest that the visually effective varianceshould be computed over a broad range (perhaps all) orientations, but overonly a limited range of space and spatial frequency [36-38]. The expressionsabove are easily altered to accommodate this idea, but herein we have notcontemplated quantization factors that differ over space. While this might bevaluable, it presents additional problems in conveying the side informationnecessary to define the various matrices, and to associate the various matriceswith regions of the image.Another possible use of the coefficient thresholds is in the context of ahighly adaptive scheme such as that designed for the Discrete CosineTransform by Watson [18, 34, 39]. In that method, the visibility of the totalensemble of actual quantization errors is computed, based on a mathematicalmodel of DCT uniform quantization noise thresholds, and the quantizationmatrix is optimized to produce minimum perceptual error for a given bit-rate.D. Other WaveletsIt is desirable to extend our model to thresholds for other wavelets. Thisrequires either empirical thresholds for the wavelet in question, or a moregeneral model of human visual sensitivity. We and others are making efforts inthe latter direction [40, 41].VII. CONCLUSIONSWe have measured visual thresholds for samples of uniform quantizationnoise of a DWT based on the linear-phase 9/7 wavelet. Thresholds werecollected for gamma-corrected signals in the three channels of the YCbCr colorspace. We have constructed a mathematical model for the thresholds, which

3:25 PM29July 23, 1996may be used to design a simple "perceptually lossless" quantization matrix, orwhich may be used to weight quantization errors or masking backgrounds inmore elaborate adaptive quantization schemes. These perceptual data, models,and methods may enhance the performance of wavelet compression schemes.VIII. ACKNOWLEDGMENTSThis work was supported by NASA Grant 199-06-12-39 to Andrew Watsonfrom the Life and Biomedical Sciences and Applications Division. We thankAlbert J. Ahumada and Heidi A. Peterson for useful discussions.IX. REFERENCES[1]S. G. Mallat, �Multifrequency channel decompositions of images andwavelet models,� IEEE Transactions on Acoustics, Speech, and Signal Processing,vol. 37, pp. 2091-2110, 1989.[2]T. Hopper, C. Brislawn, and J. Bradley, �WSQ grey-scale fingerprint imagecompression specification, Version 2.0,� Criminal Justice Information Services,Federal Bureau of Investigation, Washington, DC. February 1993.[3]M. Antonini, M. Barlaud, P. Mathieu, and I. Daubechies, �Image codingusing the wavelet transform,� IEEE Transactions on Image Processing, vol. 1, pp.205-220, 1992.[4]J. M. Shapiro, �An embedded wavelet hierarchical image coder,�presented at ICASSP, 1992.[5]J. Villasenor, B. Belzer, and J. Liao, �Wavelet filter evaluation for efficientimage compression,� IEEE Transactions on Image Processing, vol. 4, pp. 1053-1060, 1995.[6]A. B. Watson, �Efficiency of an image code based on human vision,�Journal of the Optical Society of America A, vol. 4, pp. 2401-2417, 1987.[7]A. B. Watson and A. J. Ahumada, Jr., �A hexagonal orthogonal orientedpyramid as a model of image representation in visual cortex,� IEEETransactions on Biomedical Engineering, vol. 36, pp. 97-106, 1989.

3:25 PM30July 23, 1996[8]J. W. Woods, �Subband image coding,� . Norwell, MA: Kluwer AcademicPublishers, 1991.[9]M. Vetterli and C. Herley, �Wavelets and filter banks: Theory anddesign,� IEEE Transactions on Signal Processing, vol. 40, pp. 2207-2232, 1992.[10]R. J. Safranek and J. D. Johnston, �A perceptually tuned subband imagecoder with image-dependent quantization and post-quantization data-compression,� Proceedings of IEEE ICASSP, pp. 1945-1948, 1989.[11]A. J. Ahumada, Jr. and H. A. Peterson, �Luminance-Model-Based DCTQuantization for Color Image Compression,� in Human Vision, VisualProcessing, and Digital Display III, vol. 1666, B. E. Rogowitz, Ed.: Proceedings ofthe SPIE, 1992, pp. 365-374.[12]H. Lohscheller, �Subjectively adapted image communication system,�IEEE Transactions on Communications, vol. 32, pp. 1316-1322, 1984.[13]N. B. Nill, �A visual model weighted cosine transform for imagecompression and quality assessment,� IEEE Transactions on Communications,vol. COM-33, pp. 551-557, 1985.[14]H. Peterson, A. J. Ahumada, Jr., and A. Watson, �An Improved DetectionModel for DCT Coefficient Quantization,� SPIE Proceedings, vol. 1913, pp. 191-201, 1993.[15]H. A. Peterson, A. J. Ahumada, Jr., and A. B. Watson, �Visibility of DCTQuantization Noise: Spatial Frequency Summation,� presented at Society forInformation Display International Symposium Digest of Technical Papers,,Santa Ana, CA, 1994.[16]H. A. Peterson, J. A. Ahumada, and A. B. Watson, �The Visibility of DCTQuantization Noise,� Society for Information Display International SymposiumDigest of Technical Papers,, vol. 24, pp. 942-945, 1993.[17]J. A. Solomon, A. B. Watson, and J. A. J. Ahumada, �Visibility of DCTQuantization Noise: Contrast Masking,� presented at Society for Information

3:25 PM31July 23, 1996Display International Symposium Digest of Technical Papers, Santa Ana, CA,1994.[18]A. B. Watson, �DCT quantization matrices visually optimized forindividual images,� presented at Human Vision, Visual Processing, and DigitalDisplay IV, Bellingham, WA, 1993.[19]A. B. Watson, J. A. Solomon, and A. J. Ahumada, Jr., �The visibility ofDCT basis functions: effects of display resolution,� in Proceedings DataCompression Conference, J. A. Storer and M. Cohn, Eds. Los Alamitos, CA: IEEEComputer Society Press, 1994, pp. 371-379.[20]A. Cohen, I. Daubechies, and J. C. Feauveau, �Biorthogonal bases ofcompactly supported wavelets,� Comm. Pure Appl. Math., vol. 45, pp. 485-560,1992.[21]C. A. Poynton, �Gamma and Its Disguises,� Journal of the Society ofMotion Picture and Television Engineers, vol. 102, pp. 1099-1108, 1993.[22]D. G. Pelli and L. Zhang, �Accurate control of contrast on microcomputerdisplays,� Vision Research, vol. 31, pp. 1337-1350, 1991.[23]Aldus, �TIFF Revision 6.0,� Aldus Corporation, 411 First Avenue South,Seattle WA 98104-2871, Final Report June 3 1992.[24]W. B. Pennebaker and J. L. Mitchell, JPEG Still image data compressionstandard. New York: Van Nostrand Reinhold, 1993.[25]A. B. Watson, K. R. K. Nielsen, A. Poirson, A. Fitzhugh, A. Bilson, K.Nguyen, and J. A. J. Ahumada, �Use of a raster framebuffer in vision research,�Behavioral Research Methods, Instruments, & Computers, vol. 18, pp. 587-594,1986.[26]A. B. Watson and D. G. Pelli, �QUEST: A Bayesian adaptive psychometricmethod,� Perception and Psychophysics, vol. 33, pp. 113-120, 1983.[27]A. B. Watson, �Probability summation over time,� Vision Research, vol.19, pp. 515-522, 1979.

3:25 PM32July 23, 1996[28]J. B. Mulligan and L. S. Stone, �Halftoning method for the generation ofmotion stimuli,� JOSA A, vol. 6, pp. 1217-1227, 1989.[29]J. G. Robson and N. Graham, �Probability summation and regionalvariation in contrast sensitivity across the visual field,� Vision Research, vol.21, pp. 409-418, 1981.[30]F. L. van Nes and M. A. Bouman, �Spatial modulation transfer in thehuman eye,� Journal of the Optical Society of America, vol. 57, pp. 401-406,1967.[31]A. B. Watson, �Estimation of local spatial scale,� Journal of the OpticalSociety of America A, vol. 4, pp. 1579-1582, 1987.[32]M. A. Berkley, F. Kitterle, and D. W. Watkins, �Grating visibility as afunction of orientation and retinal eccentricity,� Vision Research, vol. 15, pp.239-244, 1975.[33]D. C. Hood and M. A. Finkelstein, �Sensitivity to light,� in Handbook ofperception and human performance, vol. 1, K. Boff, L. Kaufman, and J.Thomas, Eds. New York: Wiley, 1986, pp. Chapter 5.[34]A. B. Watson, �Perceptual optimization of DCT color quantizationmatrices,� presented at IEEE International Conference on Image Processing,Austin, TX, 1994.[35]R. Rosenholtz and A. B. Watson, �Perceptual adaptive JPEG coding,�presented at IEEE International Conference on Image Processing, Lausanne,Switzerland, 1996.[36]A. B. Watson and J. A. Solomon, �Contrast gain control model fitsmasking data,� Investigative Ophthalmology & Visual Science, vol. 36, pp.S438, 1995.[37]D. J. Heeger, �Normalization of cell responses in cat striate cortex,� VisualNeuroscience, vol. 9, pp. 181-198, 1992.

3:25 PM33July 23, 1996[38]J. M. Foley, �Human luminance pattern mechanisms: maskingexperiments require a new model,� Journal of the Optical Society of America A,vol. 11, pp. 1710-1719, 1994.[39]A. B. Watson, �Image data compression having minimum perceptualerror,� . US: The United States of America, 1995.[40]A. J. Ahumada, Jr., A. B. Watson, and A. M. Rohaly, �Models of humanimage discrimination predict object detection in natural backgrounds,�presented at Human Vision, Visual Processing, and Digital Display VI(IS&T/SPIE), San Jose, CA, 1995.[41]A. B. Watson, �Digital images and human vision,� . Cambridge MA: MITPress, 1993.